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14 Chronic injury results in a more rigid gait, and also increased local dynamic stability.
15 Research is limited when considering injury and dysfunction, and future studies 
16 should consider other joints and movement planes.
17 Non-linear analysis is a useful tool to inform future clinical processes when dealing 
18 with rehabilitation of injury and movement variability.
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23 Abstract
24 Objectives
25 The aim of this review is to evaluate and summarize existing literature using non-
26 linear analysis methodology to consider variability of human movement due to lower 




31 An electronic keyword search was performed on three databases to identify 
32 appropriate research.  This research was then examined for details of measures and 
33 methodology, use of control groups and general study characteristics to identify 
34 related themes.
35 Results
36 Fifteen papers were reviewed and synthesized.   A range of conditions were studied, 
37 mainly affecting knee and ankle joints, and each using different non-linear methods 
38 and different equipment (motion capture, accelerometry, and muscle activation) to 
39 evaluate the mathematically chaotic nature of the movement and assess the 
40 variability in gait.  Sample sizes and effect sizes are commonly small in these 
41 studies.  
42 Conclusions
43 Non-linear analysis is a potentially useful tool in both diagnosis and evaluation of 
44 injury, and this should inform future clinical processes when dealing with injury and 
45 movement variability.  Despite numerous studies evaluating neurological conditions 
46 and ageing, focus on injury is limited, with notable gaps in terms of considering other 
47 joints and joint actions, so this should be a promising area of research to develop our 
48 understanding of injury and rehabilitation and how this affects gait variability.
49 Keywords
50 Non-linear analysis, injury, variability, gait, review.
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51 1. Introduction
52 Gait variability is inherent in human movement as there are normal variations that 
53 occur each time a movement is repeated – each step is not identical to the one 
54 before.   Injury and dysfunction can alter these movement patterns, leading to the 
55 gait patterns becoming “overly rigid and robotic or noisy and unstable” (Stergiou and 
56 Decker, 2011).  An ideal level of gait variability lies somewhere between these two 
57 cases.  
58 Rather than being random, these slight changes in gait pattern have a temporal 
59 structure, and mathematical tools relating to chaos theory can be applied to evaluate 
60 this (Stergiou and Decker, 2011).  Linear measures such as coefficient of variation 
61 can only investigate the magnitude of variability, rather than evaluating any 
62 divergence from a stable and regular pattern.  A non-linear analysis approach is 
63 required to investigate this temporal, dynamic aspect of variability (Harbourne and 
64 Stergiou, 2009)
65 Within gait analysis, various features could be analyzed to assess the level of 
66 movement variability, for example stride length or stance time (Heiderscheit, 2000), 
67 in addition to joint angle data (Stergiou and Decker, 2011).  Stability of a dynamical 
68 system relates to how sensitive the system is to the initial conditions, and is 
69 commonly evaluated with Lyapunov exponents (Stergiou et al, 2004), whereas 
70 rigidity and predictability of a system can be evaluated by calculating the entropy of 
71 the time series (Yentes, 2017).   
72 While there is a wide range of research considering neurological impairment (Moon 
73 et al, 2016) or falls risk (Hamacher et al, 2011) and how this relates to joint 
74 variability, research considering variability as a result of injury is more limited.  This 
75 review aims to synthesize existing literature examining effects of lower body 
76 musculoskeletal injury or dysfunction on gait variability using a non-linear approach, 
77 in order to examine shared characteristics between previous studies both in terms of 
78 methodology and measure evaluated, and to identify any gaps that may exist.  The 
79 way in which studies develop over time should give clear indications of areas of best 
80 practice, and possible exclusions, as well as providing justification for future work in 
81 this area.  
82
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83 2. Methods
84 An electronic search of three databases was performed (PubMed, SportDiscus and 
85 Web of Science) using keywords (variability OR *stability OR complexity) AND 
86 (nonlinear OR non-linear OR chaos OR chaotic OR perturbation* OR rigid* OR 
87 random* OR fluctuat* OR *regular* OR *control*) AND (gait OR walk* OR jog* OR 
88 run*) AND (injur* OR joint).  In addition, Google Scholar was used to check for any 
89 grey literature.  Publication time was not restricted to ensure all relevant literature 
90 was identified for screening.  The literature search was performed on 20-23rd October 
91 2019.
92 Studies met the inclusion criteria if they were human studies of lower body 
93 musculoskeletal injury or dysfunction with a non-linear analysis approach and 
94 dynamic movement/gait analysis.  To ensure consistency of comparison, studies that 
95 only compared specific interventions (such as type of surgery) were excluded unless 
96 they also compared pre-operative patients with healthy control groups to consider 
97 the effect of the injury on movement variability.  Studies considering amputees or 
98 prosthetics were excluded, as amputees have a specific, common gait pattern 
99 compared to non-amputees (Varrecchia et al, 2019).
100 Studies considering electromyography (EMG) to evaluate variability of muscle 
101 activation were only included if they also considered aspects of movement variability, 
102 such as joint angles.  
103
104 No restrictions on gender or age were applied.  Conference papers were excluded, 
105 as were reviews, but review papers were manually checked to ensure appropriate 
106 studies included in those reviews had been selected in the inclusion criteria here.    
107 Included papers were manually screened to ensure all appropriate citations were 
108 also considered for inclusion.
109
110 One author (CS) performed the initial search and applied the exclusion criteria, both 
111 authors screened the studies and evaluated the quality of the included papers.
112 Studies reported both significant and insignificant results, both accepting and 
113 rejecting their initial hypothesis, which suggests that publication bias is unlikely to be 
114 an issue in the studies found.
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115 3. Results
116 3.1 Search results
117 The results retrieved in the search are presented in figure 1.  Initially 1812 records 
118 were identified once duplicates were removed, and the abstracts were screened to 
119 exclude inappropriate studies.  Papers were also full text screened to ensure that 
120 they evaluated an injury rather than an intervention, and three were excluded at this 
121 point as no pre-intervention data were available.
122
123 Figure 1:Search strategy using PRISMA guidelines (Moher et al, 2009)
124 3.2 Sample Characteristics
125 Of the fifteen studies shortlisted for review, six considered anterior cruciate ligament 
126 (ACL) deficiency (Stergiou et al, 2004a; Georgoulis et al, 2006; Moraiti et al 2007; 
127 Zampeli et al, 2010; Tzagarakis et al, 2010; Nazary-Moghdam et al, 2019), five 
128 studies considered knee osteoarthritis (OA) (Yakhdani et al, 2010; Tochigi et al, 
129 2011; Alkjaer et al, 2015; Mahmoudian et al, 2016; Tanimoto et al, 2017), two on 
130 medial tibial stress syndrome (MTSS) (Rathleff et al, 2011; Schütte et al, 2018), with 
131 single studies on patellofemoral pain syndrome (PFPS) (Rathleff et al, 2013) and 
132 chronic ankle instability (Terada et al, 2015).  Relevant characteristics of the 
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137 Table 1: Basic sample characteristics grouped by injury type.















Greece ACL 34.7 8M 2F 173 77.3 Contralateral 
leg
Moraiti et al, 
2007

























Netherlands Knee OA 62.3 5M 11F 170 85.9 5M 7F age 
matched, 
healthy.
Tochigi et al, 
2011
USA Knee OA No 
mean 
stated




30F, 27M, age 
matched 
control.  Wide 
age range in 
asymptomatic 
group.
Alkjaer et al, 
2015





















Denmark MTSS 27.8 No 
gender 
reported.











Denmark PFPS 17.2 57F 166 58.7 29F age 
matched 
healthy.





22.5 14M 11F 171 76.2 10M, 17F age 
matched 
controls.
Page 7 of 22
138 As each condition commonly affects different population groups, ages used in the 
139 sample populations varied between conditions, but were broadly consistent, with 
140 arthritis typically affecting older people than PFPS.
141 With the exception of PFPS, both male and female participants were included for 
142 analysis, this is due to most conditions affecting both genders, but with PFPS 
143 predominantly affecting females (Rathleff et al, 2013).  However, studies on ACL in 
144 particular have suggested that gender may affect injury and variability, so later 
145 studies deliberately restricted their focus to a single gender to avoid introducing a 
146 confounding variable (Zampeli et al, 2010; Tzagarakis et al, 2010; Nazary-Moghdam 
147 et al, 2019).  One study specifically states gender as a confounder, due to females 
148 having a “lower complexity of movement” and having different movement patterns to 
149 males (Rathleff et al, 2013).
150 As the groups are heterogenous in terms of age and condition, this would also 
151 suggest that the weight of participants would also be variable.  Taking the mean age 
152 and weight, the ACL studies consider a population that have a BMI over 25, which 
153 may be a confounding variable when considering the effect of the joint dysfunction 
154 on gait.  In particular, increased weight has been linked to increased levels of 
155 disability in knee OA (Okoro et al, 2004) which suggests that this may be a factor 
156 here also, so participants have also been matched according to BMI as well as age 
157 in the control group.
158 In addition, other key study characteristics relating to the methodology and measures 
159 studied, test protocol and control group were extracted to examine key themes and 
160 identify gaps (Munn et al, 2018).  In common with other scoping reviews, the overall 
161 quality of the study has not been used as an exclusion criterion but the quality score 
162 has been presented to give an overall picture of study validity and rigour (Littell et al, 
163 2008).  Relevant study characteristics relating to methodological quality have also 
164 been extracted for synthesis to gain an understanding of the development of the 
165 study protocols and the potential gaps in methodology (Munn et al, 2018; Littell et al, 
166 2008).  
167 The studies consider a wide range of measures, types of injury and activity, so a 
168 meta-analysis of the data would not be appropriate as the data is too heterogenous 
169 for this to be meaningful.
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170 4. Discussion
171 4.1 Research groups
172 A number of studies have been produced using a similar core group of researchers 
173 (Stergiou et al, 2004a; Georgoulis et al, 2006; Moraiti et al, 2007; Zampeli et al, 
174 2010), so show commonality of approach and measure, with later studies building on 
175 findings of earlier papers.  This should be considered when assessing the choice of 
176 measure, algorithm and approach, as these have not necessarily been 
177 independently chosen, but instead developed from previous research and may 
178 include methodological bias.  Stergiou and Decker have reviewed and synthesized 
179 the ACL studies from this group to pool their findings up to 2011 (Stergiou and 
180 Decker, 2011), and a recent study (Nazary-Moghdam et al, 2019) builds on these 
181 foundations.
182 In addition, one study (Mahmoudian et al, 2016) uses data from a previous paper 
183 (Yakhdani et al, 2010) to apply new techniques to evaluate local dynamic stability.
184 4.2 Statistics
185 Sample sizes were commonly small, which may relate to the availability and access 
186 to injured subjects, but this also limited the chance of obtaining statistically significant 
187 results as well as violating the assumption that the data were normally distributed.  
188 Non-parametric testing was used exclusively in two studies (Yakhdani et al, 2010; 
189 Terada et al, 2015), whereas in the studies using only parametric testing only two 
190 provide evidence of testing for the data being normally distributed (Tanimoto et al, 
191 2017; Schütte et al, 2018) despite small sample sizes in most cases.  In addition, a 
192 power analysis was only documented in five studies (Moraiti et al 2007; Tanimoto et 
193 al, 2017; Rathleff et al, 2011; Schütte et al, 2018; Rathleff et al, 2013) with one other 
194 justifying statistical power not being an issue due to the high number of significant 
195 results presented (Yakhdani et al, 2010).  Power analysis was used to evaluate an 
196 appropriate sample size using 80% (Rathleff et al, 2011; Rathleff et al, 2013) and 
197 90% (Schütte et al, 2018).  Despite evidence suggesting observed power calculation 
198 is “conceptually flawed … [and] analytically misleading” (Zhang et al, 2019), posthoc 
199 power analysis was calculated in two cases (Moraiti et al 2007; Tanimoto et al, 2017) 
200 suggesting sample sizes were too low in each case (71% and 30% respectively).
201 In addition, non-linear measures tend to have small effect sizes (Mehdizadeh, 2018), 
202 as they tend to have a limited and narrow range of values with differences between 
203 injury and control groups therefore likely to be small.  This further affects the 
204 significance of testing, and the sample size required in order to ensure statistically 
205 significant results.
206 Effect sizes are provided in four studies (Tochigi et al, 2011; Terada et al, 2015; 
207 Schutte et al, 2018; Nazary-Moghadam et al, 2019) and have been calculated where 
208 sufficient data has been provided (means and standard deviations) to do so, shown 
209 in Table 2 below.  
210
211
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212 Table 2: Effect sizes.
Measure Effect size (Cohen’s d)
Stergiou et al, 2004a LyE.
Joint angles.
0.52 (calculated)
Moraiti et al, 2007 LyE.
Joint angles.
0.70 (calculated from provided power 
figure)
Tzagarakis et al, 2010 Differential entropy
Accelerometer.
Medio-lateral acceleration: 2.40
Anterior-posterior acceleration: 0.76  
(calculated)





Tochigi et al, 2011 SaEn.
Accelerometer.
< 0.04 (provided)
Alkjaer et al, 2015 LyE and SaEn
Joint angles and stride 
intervals.



















214 4.3 Control subjects
215 Two of the ACL studies (Stergiou et al, 2004a; Georgoulis et al, 2006) used the 
216 contralateral leg as the control to compare the injured side to the unaffected side to 
217 measure variability, but have suggested that the contralateral side is also affected by 
218 the injury, either due to compensation or adaptations due to injury.  Later studies 
219 (Moraiti et al, 2007; Zampeli et al, 2010; Tzagarakis et al, 2010; Nazary-Moghdam et 
220 al, 2019) have used a healthy control population to compare with both affected and 
221 contralateral joint in the ACL deficient participants. 
222 The studies considering other types of injury used age matched healthy individuals, 
223 including one study which used a slightly younger population but checked that this 
224 was not statistically significant (Tanimoto et al, 2017).  One study used a wide range 
225 of ages in the control group 21-79 years in order to also evaluate changes in 
226 variability with age, but restricted analysis to an age matched control group within 
227 this (Tochigi et al, 2011).
228 4.4 Equipment
229 The studies include a range of different equipment, using motion capture, 
230 accelerometry and goniometers, with a range of different surfaces considered also, 
231 this is summarized in Table 3 below (shaded to show common injury focus).
232
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233 Table 3: Study equipment and methods.
Injury Equipment Measure Methodology
Stergiou et 
al, 2004a


















Moraiti et al, 
2007








Zampeli et al, 
2010
ACL 8 motion capture 











12-bit digital output 
linear
accelerometer sensor





ACL 5 motion capture 











Knee OA LED motion capture. Angular velocity 
sagittal knee 
movement.
Treadmill, fixed speeds 
0.6 km/h to 5.4 km/h (in 
increments of 0.8 km/h).
Tochigi et al, 
2011





speed, plus as fast as 
possible, indoor.
Alkjaer et al, 
2015
Knee OA Goniometers Joint angles – 
filtered.




Knee OA LED motion capture. Angular velocity 
sagittal knee 
movement.
Treadmill, fixed speeds 
0.6 km/h to 5.4 km/h (in 
increments of 0.8 km/h).
Tanimoto et 
al, 2017





Rathleff et al, 
2011




Schutte et al, 
2018
MTSS Accelerometer Trunk triaxial 
acceleration.
Continuous maximal 
effort fatiguing outdoor 
run of 3200 m.
Rathleff et al, 
2013
PFPS Goniometer Joint angles. Stair descent, 2x12, self-
selected speed.














235 Motion capture cameras were most commonly used, with both passive (Stergiou et 
236 al, 2004a; Georgoulis et al, 2006; Moraiti et al, 2007; Zampeli et al, 2010; Nazary-
237 Moghdam et al, 2019; Terada et al, 2015) and active (Yakhdani et al, 2010; 
238 Mahmoudian et al, 2016) marker sets.  Passive systems are considered to be more 
239 accurate than active systems (van der Kruk and Reijne, 2018), and may also be 
240 more appropriate for the large data volumes captured (Begg and Palaniswami, 
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241 2006).  Within these studies, one used clusters of markers for increased accuracy 
242 (Terada et al, 2015) whereas the others used the standard Helen Hayes marker set.  
243 All of the motion capture studies restricted their focus to sagittal angles, looking at 
244 flexion/extension only, with the majority of the studies only looking at the knee joint 
245 (Stergiou et al, 2004a; Georgoulis et al, 2006; Moraiti et al, 2007; Zampeli et al, 
246 2010; Nazary-Moghdam et al, 2019; Yakhdani et al, 2010; Mahmoudian et al, 2016) 
247 and one considering ankle, hip and trunk in addition (Terada et al, 2015).  
248 Capture frequencies varied from 50Hz to 200Hz, with this increasing with year of 
249 publication, possibly suggesting improvements in technology and data manipulation 
250 over this time.  Capture frequency is an important consideration when considering 
251 data capture for non-linear analysis, as the sampling frequency needs to be high 
252 enough to capture the quickest system changes – the minimum frequency should be 
253 double that of the fastest change due to the Nyquist sample theory, with 24Hz 
254 recommended for walking trials (Myers, 2017).  However, a high sample frequency 
255 can also introduce noise to the data which can give misleading results.  It is common 
256 to use a sample size 5-10 times the highest frequency (Myers, 2017) which is 
257 consistent with the larger values in these papers, but this may also suggest that 
258 these studies are at increased risk of oversampling and therefore error due to noise 
259 in the time series.
260 The remaining papers considered EMG to measure muscle activation variability 
261 (Alkjaer et al, 2015; Rathleff et al, 2011; Rathleff et al, 2013) with movement 
262 variability evaluated by measuring joint angles via goniometers (Alkjaer et al, 2015; 
263 Rathleff et al, 2013) or average navicular drop (Rathleff, 2011).  Further papers 
264 considered accelerometry data (Tzagarakis et al, 2010; Tochigi et al, 2011; Tanimoto 
265 et al, 2017; Schütte et al, 2018).  Despite the range of methods and measures 
266 evaluated, there is little justification for the choice of technology used or the measure 
267 analysed, with only one study justifying the use of accelerometry data as a cheap, 
268 easy and accessible method (Schütte et al, 2018).
269 The majority of the studies focused on treadmill walking (Stergiou et al, 2004a; 
270 Georgoulis et al, 2006; Moraiti et al, 2007; Zampeli et al, 2010; Nazary-Moghdam et 
271 al, 2019; Yakhdani et al, 2010; Alkjaer et al, 2015; Mahmoudian et al, 2016; 
272 Tanimoto et al, 2017; Rathleff et al, 2011; Terada et al, 2015), with two indoor 
273 walking studies (Tzagarakis et al, 2010; Tochigi et al, 2011), one indoor stair descent 
274 (Rathleff et al, 2013), and one considering outdoor running (Schütte et al, 2018).  
275 One issue identified is the ecological validity and lack of transferability of treadmill 
276 studies to overground walking.  Despite linear measures not being affected when 
277 comparing overground and treadmill walking, treadmill walking can affect local 
278 dynamic stability and non-linear analysis of gait (Dingwell et al, 2001; Terrier and 
279 Dériaz, 2011).  However, studies also suggest that variable speed is also a factor 
280 that may affect the stability of the gait pattern (Stergiou et al, 2004a) and many focus 
281 on the importance of maintaining a fixed speed, which can only reliably be done 
282 using a treadmill (Moraiti et al, 2007; Nazary-Moghdam et al, 2019; Tanimoto et al, 
283 2017).
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284 Most studies use a self-selected walking speed to remove any effects of speed as a 
285 confounder (Moraiti et al, 2007; Zampeli et al, 2010; Tzagarakis et al, 2010; 
286 Tanimoto et al, 2017; Rathleff et al, 2011; Rathleff et al, 2013) or maximal speeds 
287 (Tochigi et al, 2011; Schütte et al, 2018).  Some studies use fixed speeds (Yakhdani 
288 et al, 2010; Alkjaer et al, 2015; Mahmoudian et al, 2016) but it is not clear how this 
289 will affect the analysis done.  Where studies attempt to identify if speed is a 
290 confounding variable, all three use ±20% (Stergiou et al, 2004a; Georgoulis et al, 
291 2006; Nazary-Moghdam et al, 2019).  One study found speed did not affect local 
292 dynamic stability (Stergiou et al, 2004a), but others found a significant correlation 
293 between speed and movement rigidity (Georgoulis et al, 2006) and speed and 
294 stability (Nazary-Moghdam et al, 2019) which suggests that this needs to be 
295 controlled and normalized over each patient to remove this effect from the measure 
296 evaluated.
297 When a paper was considering a specific aspect of gait, this was limited to show the 
298 effect of the injury at this point, so Rathleff et al (2013) only considered the stance 
299 phase of stair descent, as this was where the injury commonly caused pain. 
300 Yakhdani et al (2010) restricted attention to the part of the stride cycle that most 
301 usually related to falling, and this data was reanalyzed in Mahmoudian et al (2016).  
302 However, other studies restricted their focus due to common errors in capturing data 
303 in certain planes, so not including rotation (Tzagarakis et al, 2010; Terada et al, 
304 2015) or only including flexion/extension data  (Stergiou et al, 2004a; Georgoulis et 
305 al, 2006; Moraiti et al, 2007; Zampeli et al, 2010; Nazary-Moghdam et al, 2019; 
306 Yakhdani et al, 2010; Mahmoudian et al, 2016; Tanimoto et al, 2017), which fails to 
307 address the effects of injury in other planes of movement, with ACL injury in 
308 particular affecting rotation and overall joint stability (Quatman and Hewett, 2009).
309 4.5 Analysis method
310 Calculation of Lyapunov exponent or sample entropy were the most popular choices 
311 of non-linear analysis method, with one study using differential entropy (Tzagarakis 
312 et al, 2010) and one using a fractal scaling exponent (Tanimoto et al, 2017).  One 
313 paper (Mahmoudian et al, 2016) analyses previously captured data (Yakhdani et al, 
314 2010) using time-dependent local stability in addition to Lyapunov exponents, to 
315 evaluate how local stability changes within a stride cycle.  Justification of choice of 
316 analysis method is not generally presented, and no rationale is given for use of one 
317 over another, although accelerometry data tends to use entropy, which may be due 
318 to previous studies having done so, rather than any methodological decision being 
319 made to choose this approach.  There is some evidence that sample entropy has 
320 been used to confirm previous findings using Lyapunov exponents (Stergiou and 
321 Decker, 2011) and that these can be used together to gain information on both 
322 stability and regularity (Alkjaer et al, 2015). 
323 When calculating Lyapunov exponents, embedding dimension (m) and time delay () 
324 parameters are chosen to define the state space of the time series (Wurdeman, 
325 2017).  Choosing a time delay that is too small will limit the amount of useful 
326 information about how the dynamics of the system changes, but too large a value 
327 may result in missing data (Stergiou et al, 2004a).  Similarly, the selection of 
Page 13 of 22
328 embedding dimension to recreate the state space is important, as using an 
329 unnecessarily high embedding dimension will increase the effect of any noise in the 
330 data (Wurdeman, 2017), whereas having a dimension that is too small will hide 
331 characteristics of the time series, so it is important to select a dimension that 
332 contains the full characteristics representing the state space (Wurdeman, 2017). The 
333 parameters used in these studies are based on previous gait related studies with 
334 five-dimensional state space justified for use when calculating Lyapunov exponents 
335 (Stergiou et al, 2004), however while this may be appropriate for a healthy 
336 population, higher dimensions may be required to fully investigate populations with 
337 injury, as pathology may increase the random elements present in the gait pattern 
338 (Wurdeman, 2017).  Each study that calculates Lyapunov exponents states that the 
339 embedding dimension is derived based on previous research via the false nearest 
340 neighbor algorithm and the time delay using an average mutual information algorithm 
341 (Stergiou and Decker, 2011).  The Rosenstein algorithm is used more frequently in 
342 gait related studies (Mehdizadeh, 2018), but one study (Nazary-Moghdam et al, 
343 2019) specifically mentions the use of Wolf’s algorithm (Wolf et al, 1985) which has 
344 been shown to be more accurate for small data sets (Cignetti, Decker, and Stergiou, 
345 2012).
346 When calculating entropy, a time series sequence is divided into shorter sections 
347 depending on the window length (m) and these are compared to see how similar 
348 they are to determine the randomness of the time series.  In addition, a tolerance (r) 
349 is used to define an “allowable difference” (Yentes, 2017) when looking at similarity 
350 of each section.  If the tolerance is too small then sections of the time series may be 
351 wrongly determined to be not similar, whereas too large a tolerance will give false 
352 positive results and determine similarity where none exists, thus losing actual 
353 characteristics of randomness within the series (Yentes, 2017).  Within the studies 
354 considered, entropy calculations all use window length of 2 and tolerance of either 
355 0.1 (Rathleff et al, 2011; Rathleff et al, 2013) or 0.2 (Georgoulis et al, 2006; Tochigi 
356 et al, 2011; Alkjaer et al, 2015; Schütte et al, 2018; Terada et al, 2015) standard 
357 deviations justified based on earlier studies (Stergiou et al, 2004; Richman and 
358 Moorman, 2000; Vaillancourt and Newell, 2000).  Most studies measuring rigidity of 
359 movement consider sample entropy (Tochigi et al, 2011; Alkjaer et al, 2015; Rathleff 
360 et al, 2011; Schütte et al, 2018; Rathleff et al, 2013; Terada et al, 2015) which has 
361 been shown to be more accurate for small data sets (Yentes et al, 2012), with one 
362 study considering approximate entropy (Georgoulis et al, 2006).  The Gait Evaluation 
363 Differential Entropy Method is used in one study (Tzagarakis et al, 2010) which does 
364 not depend on the tolerance.
365 Most studies do not filter or smooth the data, as this removes valid points from the 
366 time series, but three studies filtered data using 4th order Butterworth filters 
367 (Tanimoto et al, 2017; Rathleff et al, 2011; Rathleff et al, 2013).  Filtering data may 
368 mask the true nature of the variability of the movement, as this can exclude outliers 
369 and potentially ‘noisy’ data which may actually be valid indications of movement 
370 variability and changes in regularity, and this can mask true biomechanical signals 
371 particularly when considering high-frequency data (Myers, 2017).  
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372 4.6 Study quality
373 Study quality was assessed using criteria relating to both clear statements of 
374 research aims and findings, valid protocols followed, and statistical validity, based on 
375 the criteria introduced by Littell et al (2018).  Both authors independently scored 
376 each paper based on these criteria, with a zero representing a lack of consideration 
377 or discussion of a criterion, two meaning this is fully met, and one for a partial 
378 consideration.  Limits of agreement were used to ensure that both reviewers were 
379 reliably scoring each paper.  Each criterion used, and the overall score per criterion 
380 is presented in Table 4 below.
381 Table 4 : Overall study quality per criterion
Criteria Mean SD
Was the research question clearly stated? 1.93 0.25
Were the inclusion and exclusion criteria clearly stated? 1.23 0.73
Were the subjects in the study representative of the pathological population? 1.93 0.25
Were the main findings of the study clearly described? 1.97 0.18
Did healthy controls’ age and gender match those of the pathological group? 1.53 0.73
Was gait variability well defined? 1.90 0.31
Was the test protocol clearly stated and uniformly applied to all participants? 1.80 0.41
Was the protocol appropriate to measure gait variability? 1.70 0.47
Was a sample size justification via power analysis provided? 0.37 0.72
Were potential confounders properly controlled in the analysis? 1.47 0.51
382
383 The clear limitation here for the majority of the studies considered is the lack of 
384 sample size justification, as discussed above.  Some studies also failed to fully 
385 consider the potential confounding variables (such as speed, gender, BMI, for 
386 example) or to clearly state the inclusion or exclusion criteria.  
387 When considering individual study quality, this improved over time, with more recent 
388 papers showing clearer explanations of methodology, and generally more rigorous 
389 approach in terms of justification of sample sizes and explanation of approach.  As 
390 one study (Mahmoudian et al, 2016) reused data captured in an earlier paper 
391 (Yakhdani et al, 2010) then this also means that limitations of the original study in 
392 terms of lack of power analysis, as well as any issues with inclusion and exclusion 
393 must also be limitations of the follow up study, so the quality score given to this 
394 paper must be viewed with this in mind.
395 Study quality per paper is shown graphically in Figure 2 below.
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396
397 Figure 2: Individual study quality by year of publication
398 4.7 Findings
399 As explained above, gait may become more rigid as a result of injury, or more 
400 unstable and noisy (Stergiou and Decker, 2011), with a healthy gait pattern being 
401 somewhere between the two.  Stability of a dynamical system relates to how 
402 sensitive the system is to the initial conditions, and is commonly evaluated with 
403 Lyapunov exponents, whereas rigidity and predictability of a system can be 
404 evaluated by calculating the entropy of the time series (Yentes, 2017).
405 Injury may cause increased rigidity compared with a healthy system, leaving it less 
406 able to adjust to changes (Georgoulis et al, 2006).  This may also correlate with 
407 subsequent pathology, such as arthritis, following joint injury.  This idea is supported 
408 by the results of studies of chronic ACL injury (Stergiou et al, 2004a; Georgoulis et 
409 al, 2006; Moraiti et al, 2007; Zampeli et al, 2010), knee OA (Yakhdani et al, 2010; 
410 Tochigi et al, 2011), PFPS (Rathleff et al, 2013) and chronic ankle instability (Terada 
411 et al, 2015) with increased stability and rigidity found in the injured group than the 
412 control group.  Two studies identified no appreciable change between knee OA and 
413 control (Alkjaer et al, 2015; Tanimoto et al, 2017) but one of these suggests that 
414 stability may decrease with level of impairment (Tanimoto et al, 2017).  No 
415 statistically significant difference was found in local stability of gait when considering 
416 MTSS versus healthy controls, but trunk movement rigidity was found to be affected 
417 by fatigue in the injured group, which also supports the idea of injury increasing 
418 stiffness of movement (Schütte et al, 2018).
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419 One study shows significant decrease in rigidity in ACL deficient knees compared 
420 with control (Tzagarakis et al, 2010), but this study is focusing on acute rather than 
421 chronic injury which may account for this discrepancy as adaptation of gait may have 
422 occurred in the chronic case (Stergiou and Decker, 2011).
423 Dual tasking was considered in one study, which adds to the ecological validity of 
424 this methodology by making the test protocol more realistic, but no significant 
425 difference was found between the injured and healthy control group (Nazary-
426 Moghdam et al, 2019), however this study did suggest that speed affects variability 
427 contradicting an earlier study (Stergiou et al, 2004a).
428
429 5. Conclusion
430 Stergiou and Decker (2011) have summarized the ACL studies included here up to 
431 2011 and concluded that non-linear analysis of variability is useful in examining the 
432 functional outcome of any gait related disorder and determining rehabilitation 
433 programmes as well as interventions.  Where injury has led to increased rigidity and 
434 increased regularity of movement, then there is evidence that introducing more 
435 variability into a rehabilitation programme may provide greater improvements in 
436 recovery and return to normal function (Dingwell and Cusumano, 2015)  In addition, 
437 non-linear analysis may be a useful tool in medical assessment (Zampeli et al, 2010) 
438 and initial diagnosis (Terada et al, 2015).
439 As the evaluation of stability or rigidity relates to how mathematically chaotic or 
440 random a movement is, then a number of different measures have been used to 
441 evaluate the gait patterns, including joint angles, accelerometry data and muscle 
442 activation.  These attributes may be applicable to a clinical laboratory setting but 
443 could also be analyzed easily in a sport or home setting via wearable technology to 
444 provide a cheap, easy alternative to gain valuable information on variability and 
445 repeatability of movement.
446 It is important to note that different results have been seen between chronic and 
447 acute injury conditions, and this may also have age and weight as confounding 
448 variables which has not yet been fully investigated.  Despite using a range of 
449 methods, analysis has mostly been limited to the knee joint, and to sagittal 
450 movement of that joint, which are key limitations of these studies where injury is 
451 likely to affect other planes of movement.  In addition, speed has been found to be a 
452 confounding variable, but there is lack of information on how this is standardized or 
453 how a self-selected speed is determined in order to reduce this affect.  
454 Despite significant research on ageing (Mehdizadeh, 2018; Hamacher et al, 2011) 
455 and neurological conditions (Moon et al, 2016), the research on injury and how this 
456 affects variability is more limited, particularly when using non-linear methods, as is 
457 evident with only fifteen studies being selected for review here.  The coverage of 
458 different injury is limited, with a main focus on ACL and arthritis, and expanding this 
459 to cover further joints and further planes of movement would help to tackle the 
460 current gaps in the literature.  Further research in this area could improve diagnosis, 
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461 interventions and treatment of injury and inform clinical decisions to ensure best 
462 practice within injury diagnosis and rehabilitation.
463 Recommendations for future research:
464  Analysis using joint angle data has been restricted to sagittal angles due to 
465 errors in other planes.  Future research aiming to minimize these errors, or 
466 identify more reliable methodological approaches, would allow analysis of 
467 variability in other movement planes and provide a more comprehensive 
468 measure of the level of movement variability due to injury.
469  Papers considered in this review often had small sample sizes and many 
470 lacked a priori power analysis, which would improve the quality of the 
471 analysis.  In addition, checking for normally distributed data to justify the 
472 statistical tests chosen and stating effect sizes would show a more rigorous 
473 mathematical approach.
474  Justification of the choice of non-linear measure is often absent, and a clearer 
475 explanation of the selection of one measure over another to evaluate specific 
476 aspects of variability would contribute to existing knowledge in this area.A 
477 standardized methodology of selecting appropriate speed would exclude 
478 potential confounding variables, and would give further consistency and 
479 reliability to these study methods.
480  While some types of injury have been considered in some detail, there are 
481 notable gaps when considering other lower body injury (for example, hip 
482 pathology) that would contribute to the overall understanding of movement 
483 variability due to injury.
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